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Abstract

Objectives

Community health worker (CHW) identification of life-threatening illnesses among young
infants (<2 months) during home visits and referral to hospital are critical to reducing infant
morbidity and mortality in low-resource settings. We aimed to develop a prediction model for
hospitalization and/or death among young infantsin Dhaka, Bangladesh using clinical features

assessed by CHWSs during routine home visits.

Methods

This was a secondary analysis of datafrom generally healthy infants prospectively enrolled at
birth and assessed by CHWs at 11 scheduled home visits from 3-60 days of age. Time-varying
Cox regression with backward selection was used to identify clinical features associated with
timeto first hospitalization and/or death. Prediction models were developed and internally
validated using 5-fold cross-validation. We evaluated model discrimination (C-statistic and time-
varying area under the curve) and calibration (calibration plots). We aso evaluated
discrimination and calibration of a Cox mode based on World Health Organization (WHO)-

recommended eight danger signs to identify sick infants requiring referral during home visits.

Results

Among 1906 infants, 176 (9.2%) had an event (173 hospitalizations and 3 deaths). The best-
performing model consisted of three baseline covariates (any perinatal/delivery complication,
umbilical cord care, gestational age) and four clinical features (nasal congestion, cough,
jaundice, skin rash). The best-performing model discrimination (C-statistic=0.71; 95% CI 0.68-

0.75), and discrimination of the best-performing model’s four clinical features added to WHO


https://doi.org/10.1101/2025.10.19.25338306
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.10.19.25338306; this version posted October 20, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

danger signs (C-statistic=0.70; 95% CI 0.67-0.74), were slightly higher than that of WHO danger

signs alone (C-statistic=0.56; 95% CI 0.53-0.60), but calibration was smilar.

Conclusions

A prediction model for hospitalization and/or death using baseline covariates and clinical
features assessed during home visits may support identification of infantsin need of facility-level
care. Adding four clinical features to the WHO danger signs algorithm may improve its
predictive performance by capturing a broader spectrum of severe infant illnesses requiring

hospitalization.
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Background

In 2023, 2.3 million infants worldwide died in the first month of age, with the highest burden in
sub-Saharan Africa and central/southern Asia[1]. In low- and middle-income countries
(LMICs), home-based postnatal careinterventions, including community health worker (CHW)
home visit assessments and referrals of sick newborns, have been shown to reduce neonatal
mortality [2,3]. Infections are a leading cause of neonatal mortality, with sepsis accounting for
20% of neonatal deaths[4]. More than half of sepsis-related neonatal deathsin LM ICs occur
after the first week of age [5]. Therefore, home-based identification of life-threatening illnesses
after the first week of age and referral to hospital are critical to reducing infant morbidity and

mortality in LMICs.

The World Health Organization (WHO) recommends assessment of eight clinical signs (WHO
danger signs’) by first-level health workers, including CHWSs, during each postnatal home visit
to promote timely identification of sick young infants (<2 months): not feeding well, history of
convulsions, fast breathing (>60 breaths per minute), severe chest in-drawing, no spontaneous
movement, fever (=37.5°C), low body temperature (<35.5°C), and any jaundice in the first 24
hours of life or yellow palms and soles at any age [6,7]. Identification of any one sign indicates

need for referral for further evaluation [7].

In arecent secondary analysis of a birth cohort in Bangladesh, India, and Pakistan (ANISA),
each of seven signs of possible serious bacterial infection (pSBI; seven of the eight WHO danger
signs, excluding jaundice) assessed by CHWs in young infants during scheduled home visits was
significantly associated with mortality [8]. However, relying solely on WHO danger signs during
routine visits presents potential challenges. First, WHO danger signs were originally derived

among infants brought to health facilities due to concern [9]. These infants likely had higher
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pretest probability of requiring hospital-based care than infants assessed during routine visits.
Second, external validation of the WHO eight danger signs algorithm in aroutine home visit
setting [10] was limited to a small sample size (n=395) during the first week of age. Third, the
algorithm had high specificity (95%) but lower sensitivity (69%) for physician-assessed severe
illness requiring referral, raising concern that its use may miss cases [10]. Lastly, the danger
signs were derived using single timepoint data rather than repeated (time-varying) measurements
within each infant across home visits[9]. A prediction model derived using visit-specific time-
varying predictors (e.g., occurrence of cough (yes/no) at each visit) accounts for changesin
patient status over time, and may outperform single timepoint models (e.g., models using only
measurements from the first visit) [11,12]. Beyond the infant’s most recent visit, it isalso
possible to summarize repeated assessments of clinical signs at prior visits as aggregative time-
varying predictors (e.g., cumulative number of visits with cough). Although WHO guidelines
recommend multiple CHW home visits, the current algorithm considers the data from each visit
inisolation, and does not utilize accumulated information. We hypothesized that a model using
aggregative time-varying predictors may better reflect illness trajectory and improve predictive
performance compared to amodel based on the WHO danger signs, while acknowledging that
aggregative time-varying predictors depend on repeated assessments which may affect
feasibility. Therefore, we aimed to develop a prediction model for hospitalization and/or death
among young infants in Dhaka, Bangladesh using time-varying clinical features assessed by

CHWSs during routine home visits.

Methods
Sudy design and data source

Thiswas a secondary analysis of data from the Synbioticsfor the Early Prevention of Severe
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Infections in Infants (SEPSIS) observational cohort study (NCT04012190) [13]. From November
25, 2020 to February 18, 2022, mother-infant pairs were screened for digibility at two
government healthcare facilities in Dhaka: Maternal and Child Health Training Institute
(Azimpur) and Mohammadpur Fertility Services and Training Centre. Infants born generally
healthy were enrolled between day O (birth) and day 4 of age. This cohort (n=1939) has been
described separately [14] and detailed inclusion/exclusion criteriaarein Panel S1. Community
health research workers (CHRWS) conducted infant assessments at up to 11 scheduled in-person
home visits at 3- and 6-days post-enrolment, and on days 10, 14, 21, 28, 35, 42, 49, 56, and 60
postnatal age. If in-person visits were not feasible, assessments were attempted by tel ephone.
Infants with at least one in-person CHRW visit after enrolment were included in this analysis.
The observation period was from the first CHRW visit to day 67 of age, allowing predictors

ascertained up to the 60-day visit to predict events up to day 67.

This secondary-use study was approved by The Hospital for Sick Children Research Ethics
Board (REB #1000079158), and followed the TRIPOD+AI (Transparent Reporting of a
multivariable prediction model for Individual Prognosis or DiagnosistArtificial Intelligence)

guidelines [15]. Caregivers/public were not involved in study design, conduct, or dissemination.

Outcome

The outcome was time to first hospitalization and/or death (an event) following the first CHRW
visit up to day 67 of age. If an infant was hospitalized and subsequently died, this counted as one
event at time of hospitalization. If an infant had multiple hospitalizations, only the first
hospitalization was included. Hospitalizations recommended by physicians but declined by
caregivers were included. Hospitalizations prior to the first CHRW visit were excluded but these

infants were included in the analysis following that visit. Two infants died before their first
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CHRW in-person visit and were excluded. Hospitalizations for elective surgeries or traumawere
excluded. Physicians recommending hospitalization were not study staff but they may have been

informed by study physicians about CHRW findings.

Primary predictors

Primary candidate predictors were 45 clinical features (25 symptoms from caregiver history, 20
physical exam signs) assessed by CHRWSs during scheduled home visits. The primary analysis
only included clinical features from in-person visits. Using a standardized checkli<t, trained
CHRWs assessed symptoms and signs occurring on the scheduled visit day, in the last 7 days, or
since the last study visit (whichever was most recent). Each of the 45 clinical features was
operationalized as visit-specific (i.e., based on data obtained at a single visit) and aggregative
(i.e., based on accumulated data from prior visits) time-varying predictors (Tables S1, S2, S3).
Candidate predictors included the WHO eight danger signs (which are, by definition, visit-
specific). Per the SEPSIS protocol, CHRW ascertainment of any WHO danger sign mandated

referral to a study physician.

Additional covariates

Additional covariates were included as predictors based on clinical judgment. Time-fixed
additional covariates obtained at enrolment or the first scheduled visit included maternal age,
maternal education, antenatal care, infant sex, gestational age at birth, preterm birth (<37 weeks),
birth weight-for-gestational age Z-score, umbilical cord care, and any perinatal/delivery
complication. Time-varying additional covariates included maternal postpartum substance use,
exclusive breastfeeding status, and systemic antibiotic administration on the visit day, in the last
7 days or since the last visit (whichever was most recent). Details on the ascertainment and

derivation of additional covariates can be found in Pand S2.
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Sample size and missing data

Sample size was fixed based on available data from the SEPSI S study eligible for this secondary
analysis. Missing values of clinical features were planned to be imputed, if necessary, using
multiple imputation [16]; however, given minimal missingness of clinical features (1.2% to

1.4%), models were developed using complete case analysis.

Satistical analysis
Demographic characteristics were described using frequencies and percentages for categorical
variables, and continuous variables were summarized by means and standard deviations, or

medians and interquartile ranges.

Variables were selected for inclusion in prediction models based on clinical and statistical
factors. Unadjusted time-varying Cox regression analyses were performed to estimate hazard
ratios (HRs) with 95% confidence intervals (Cl) and p-values. Prevalence of each feature was
also considered during predictor selection: in the primary analysis, clinical features with
prevalence >1% were used; the operationalization of each feature with the lowest p-value <0.2 in
unadjusted analyses [17] was selected for multivariable analysis. Multicollinearity was assessed
using the variance inflation factor (VIF) and variables with the highest VIFs >5 were

sequentially removed until all VIFs were <5 [18].

Using predictors selected based on unadjusted analyses and multicollinearity, backward selection
with athreshold p-value of <0.2 was used in a time-varying multivariable Cox regression
analysisto derive a prediction model [17]. After backward selection, additional covariates and

clinical features with p-value <0.2 were re-included in the moddl if thisimproved the C-statistic,
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or removed if thisdid not change the C-statistic, to achieve the most accurate and parsimonious

model. Internal validation was done using 5-fold cross validation [17].

Model performance was evaluated using discrimination (C-gtatistic and time-dependent area
under the receiver operating characteristic curve (AUC) with 95% Cls generated by

bootstrapping) and calibration (visual assessment of calibration plots) [19].

Additional analyses included: 1) evaluating discrimination and calibration of a time-varying Cox
model based on WHO eight danger signs and a single predictor denoting at least one danger sign;
2) adding a single predictor denoting at least one WHO danger sign to the best-performing model
in the primary analysis; 3) using only additional covariates and clinical features from caregiver
history (excluding physical exam signs); 4) removing hospitalizations with a primary admission
diagnosis of jaundice; 5) using a prevalence threshold of >0.1% instead of >1% for predictor
inclusion in multivariable analysis; and 6) after backward selection, not re-including or removing
additional covariates with p-value <0.2 from models if thisimproved discrimination. The
rationale for the analysis excluding jaundice hospitalizationsis that we anticipated a high
proportion of hospitalizations for jaundice and a strong association between the jaundice
predictor and these hospitalizations. We sought to evaluate whether model performance was

retained for other clinically significant illnesses.

Sensitivity analysesincluded: 1) using a threshold p-value of <0.05 instead of <0.2 for backward
selection; 2) excluding infants who received systemic antibiotic administration since the last
study visit; 3) including events up to four weeks after the last CHRW visit; 4) excluding
hospitalizations <48 hours duration; 5) imputing missingness with last observation carried

forward; and 6) reducing the maximum number of scheduled visits.
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Subgroup analyses included assessing discrimination of the best-performing model by 1) age

group (0-28 days versus 28-60 days), 2) sex, and 3) maternal education level.
All analyses were done using R version 4.4.0 software [20].

Results

A total of 1906 infants had at least one CHRW home visit and were included (Figure 1). Of
these, 176 had a hospitalization and/or death event (Figure 1). Admission diagnoses and causes
of deaths are shown in Tables $4 and S5. CHRWSs conducted 20,472 visits (82% in-person, 18%
by telephone). The median (25", 75™) number of visits (in-person and telephone) per infant was
11 (10, 11). Sixty-two percent of events occurred during the first four weeks of age and the
median (25", 75") interval between an event and the most recent CHRW visit was 2 (1, 5) days
(Figures S1 and S2). Of the additional covariates (Table 1), gestational age, any
perinatal/delivery complication, umbilical cord care, and exclusive breastfeeding status and
systemic antibiotic administration since the last visit met the p-value <0.2 threshold and were

included in multivariable analyses.

12
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Enrolled in SEPSIS observational cohort study

n=1939

* home visit

Had at least one CHRW home visit

n=1906

Did not have at
least one CHRW

n=33

A

Had at least one hospitalization, or died and were
never hospitalized during observation period

n=176

Not hospitalized and
survived during
observation period
n=1730

b

r

Hospitalizations
without death
n=163

Hospitalizations with
death occurring
while hospitalized
n=1

Physician decision to
hospitalize but
caregivers refused
hospitalization

n=9

Deaths in infants who
were never
hospitalized during
observation period
n=3

Figure 1. Study flow diagram
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Table 1. Basdline characteristics and additional covariates and their associations with hospitalization and/or death in unadjusted

analyses
Characteristic Overall No Hospitalized at least | Unadjusted HR | P-
(n=1906) hospitalization onceor died without | (95% CI) value
or death hospitalization
(n=1730) (n=176)
M ater nal age (years), median (25", 75™) | 24 (20, 27) | 24 (20, 27) 23 (20, 27) 1.0(0.97,1.0) |0.99
M ater nal education, n (%)?
None up to complete
primary school 533 (28) 475 (27) 58 (33) Reference
Secondary incomplete 612 (32) 561 (33) 51 (29) 0.75(052,1.1) |0.14
Secondary complete or 748 (40) 683 (40) 65 (37) 0.84(0.59,1.2) |0.35
higher
Received antenatal care, n (%)? 1845 (97) 1677 (97) 168 (96) 1.3(0.41, 4.0 0.66
Female, n (%) 996 (52) 910 (53) 86 (49) 0.87(064,1.2) |0.34
Gestational age at birth (weeks), median 39.1(38.3, |39.1(38.3,40.1) |38.9(38.1,39.9) 0.90 (0.83, 0.98) | 0.021
(25", 75™MP 40.1)
Preterm birth (<37 weeks GA), n (%) 146 (7.7) 130 (7.5) 16 (9.2) 1.3(0.76, 2.1) 0.36
Birth weight-for-gestational age Z-score, -0.81(-1.5, |-0.81(-1.5,-0.11) | -0.86 (-1.5, -0.096) 0.96 (0.82,1.1) | 0.66
median (25", 75 -0.11)
Anybperinatal or delivery complication,n | 107 (5.6) 93 (5.4) 14 (8.0) 1.6 (0.9, 2.7) 0.11
(%)
Umbilical cord care”
None 276 (15) 262 (15) 14 (8.0) Reference
Antiseptic 1139 (60) 1023 (59) 116 (66) 2.1(1.2,3.6) 0.011
Antiseptic and other 374 (20) 340 (20) 34 (19) 1.7 (0.91, 3.2) 0.095
substance(s)"
Other substance(s)" 117 (6.1) 105 (6.1) 12 (6.8) 2.0 (0.90, 4.2) 0.089
Exclusive breastfeeding status since the 1596 (84) 1455 (84) 141 (80) 0.72(0.48,1.1) | 0.10

last study visit, n (%)°,°
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Any maternal postpartum substance use 132 (7.0) 124 (7.2) 8 (4.6) 0.59(0.26,1.4) |0.21
since last study visit, n (%)*°

Systemic antibiotic administration since 14 (0.73) 13 (0.75) 1(0.57) 3.1(2.0,5.0) <0.001
last study visit, n (%)°.°

Missingness (0.68%-2.7%)

4Total number of mothers n=1893

®Met the p-value threshold of <0.2 and were selected as predictors in multivariable analyses

¢ Perinatal or delivery complication refers to any one or more of the following: maternal hemorrhage, premature rupture of membranes, prolonged
rupture of membranes, foul smelling amniotic fluid, maternal fever, chorioamnionitis, maternal sepsis, fetal distress, sustained fetal bradycardia,
sustained fetal tachycardia, or other complication.

9 Other substance refers to any one or more of the following: lotion, desi ghee/butter, haldi (tumeric powder), mustard seed ail, coconut oil,
powder/wheat flour, antimony (surmah), matti (soil/clay), unknown

®Time-varying variable. Proportions are based on data from first scheduled visit. Unadjusted HR and p-value account for data from all visits using
time-varying Cox regression

" Postpartum substance use refers to use of any one or more of the following: smoked tobacco (cigarettes), Zarda (sweetened tobacco), tamak-pata
(tobacco leaf), gul (dried and powdered tobacco), Pan (betel |eaf), Supari (betel nut), Chuna (lime paste), unknown
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Among the clinical features assessed by CHRWS, predictors selected using the p-value from
unadjusted analyses and multicollinearity assessment for the primary analysis (lowest p-value
<0.2 in unadjusted analysis, VIF<5, prevalence >1%) were al visit-specific time-varying
operationalizations except for the cumulative sum of visits with red, oozing and/or swollen eyes
up to the last visit, which was an aggregative time-varying predictor (Table 2). All other
aggregative time-varying operationalizations had higher p-values, and hazard ratios attenuated to
the null, compared with corresponding visit-specific variables and were therefore not carried

forward to multivariable analysis (T able 3).

Table 2. Candidate predictors selected and their associations with hospitalization and/or death in
unadjusted analyses

Predictor Prevalence, | Missing, | Unadjusted | P-
n (%)>? n(%)*> | HR value
(95% ClI)
Stuffy nose 1142 (7.1) | 192(1.2) | 4.9(3.3-7.3) | <0.001
Cough 691 (4.3) 192 (1.2) | 5.6 (3.7-8.6) | <0.001
Feels hot to touch or has fever within | 508 (3.2) 0(0.0) 2.6 (1.3-5.0) | 0.0047
the past 7 days
g* Runny nose 227 (1.4) 193 (1.2) | 5.,5(3.0-10) | <0.001
v Cumulative sum of visits with red, 0(0, 8) 0(0.0) 0.48(0.21- | 0.081
T oozing and/or swollen eyes up to the 1.1)
last visit, median (range)”
Y ellow discoloration of skin or eyes | 199 (1.2) 193 (1.2) | 12(7.7-19) | <0.001
Unusual skin rash or anything 183 (1.1) 193 (1.2) | 3.9(1.9-7.9) | <0.001
abnormal on skin
- Axillary temperature (°C), median 36.3(36.1, | 203(1.3) | 1.9 (0.88- 0.11
8 £ (25", 75" 36.5) 4.0)
D£>_~ 15| Cough 178 (1.1) 203 (1.3) | 13(8.1-22) | <0.001

Note: Using prevaence of predictors >1%, no variance inflation factors were >5.
@Denominator istotal number of in-person visits (n=16,023)

®Valuefor first visit missing by default due to lagged variable and imputed with 0
“Mean of at least two and up to three temperature measurements during the same visit
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Table 3. Comparison of associations of visit-specific and aggregative time-varying predictor operationalizations with hospitalization
and/or death in unadjusted analyses (for predictors with prevalence >1%)

VISIT-SPECIFIC

AGGREGATIVE

Occurrence at today’s
visit, in the past 7 days
or sincethelast visit
(whichever was most

Cumulative sum of visits
with occurrence of clinical
featureacrossall prior
visitsup to today’ s visit

Cumulative sum of visits
with occurrence of
clinical featureup tothe
last visit

M easur ement at today’s
visit isat least 2 standard
deviations above mean
measur ement across all

r ecent) prior visits
Predictor Unadjusted | P-value | Unadjusted HR | P-value | Unadjusted P-value | Unadjusted HR | P-value
HR (95% (95% Cl) HR (95% Cl) (95% Cl)
ch
Stuffy nose | 49(3.3-7.3) | 1.3¢"” | 1.5(1.3-1.7) 1.8¢”’ 1.2(0.98-1.5) | 0.074 - -
Cough 5.6(3.7-86) |29" |17(14-21) 1.5¢”’ 1.3(0.91-1.8) | 0.16 - -
Feelshotto | 2.6(1.2-6.0) | 0.021 1.3(0.87-2.1) 0.19 0.95 (0.49-1.8) | 0.87 - -
touch
Runny nose | 55(3.0-10) | 5.1e® 2.0(1.3-2.9) 0.00064 | 1.2 (0.64-2.1) | 0.60 - -
Red, oozing | 1.9 (0.79- 0.15 0.79,053-1.2) |0.27 0.48 (0.21-1.1) | 0.081 - -
> and/or 4.8)
o} swollen eyes
B [Yelow 12 (7.7-19) | <2.0e™ |1.4(1.3-1.6) 1.8¢® 1.3(0.88-1.9) | 0.18 - -
LT discoloration
of skin or
eyes
Unusual skin | 3.9(1.9-7.9) | 0.00023 | 1.6 (1.2-2.4) 0.016 1.3(0.73-2.1) | 0.42 - -
rash or
anything
abnormal on
skin
B Axillary 1.9 (0.88- 0.11 - - - - 0.93(0.50-1.7) | 0.81
8 ¢ | temperature | 4.0)
2% (°C)
o Cough 13(8.1-22) | <2.0e™ |35(2.4-4.9) 1.6e™ | 1.8(0.96-35) | 0.065 - -
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Note: Exact p-values are shown (rather than denoting as <0.001) to allow for visual comparison of p-values across operationalizations. As
described in the Methods, aggregative time-varying predictors such as cumulative number of visits with cough, maximum temperature, and
deviation of temperature above prior temperature values were operationalized within various time frames (e.g., past 2 weeks, past 4 weeks, or
across al prior visits). The association of each operationalization for each clinical feature listed in Table S3 with hospitalization and/or death was
evaluated. For ease of interpretation, only certain operationalizations are shown in this table.

" 3SUBII| [eUONRUIBIU| 0'F AG-DD © Japun a|qe|ieAe apew Si ]|

‘Aimadiad ui uudaid ayy Aejdsip 01 asuadl| e Axygpaw pajuelb sey oym ‘1apunyioyine ayl si (mainal 1aad Ag paljilied 10U sem yaiym)
juudaud siys Joy Japjoy yhAdod ay 1 *G20Z ‘02 1890100 palsod UOISIaA Sy} '90€8€ESZ 6T 0T G202/TOTT 0T/BI0"10p//:sdny :op Jundaid Aixypaw

18


https://doi.org/10.1101/2025.10.19.25338306
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.10.19.25338306; this version posted October 20, 2025. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

The best-performing multivariable Cox model included seven predictors and had a C-gtatistic of

0.71 (95% CI 0.68-0.75) and asimilar cross-validated C-statistic (Table 4). The mode had a

consistent time-dependent AUC across the observation period (Figure 2).

Table 4. Discrimination of best-performing Cox model for hospitalization and/or death among
young infants (using predictors with prevalence >1%)

Predictor Prevalence, n | Adjusted HR P- C-statistic | Cross
(%)* (95% ClI) value | (95% CI) | validated
C-statistic
(95% CI)
Any perinatal or | 864 (5.4) 1.3(0.71-2.2) 0.43 0.71 (0.68- | 0.68 (0.58-
delivery 0.75) 0.78)
complication
9 Umbilical cord
= care
= Antiseptic 9546 (60) 1.6 (0.92-2.8) 0.096
§ Antiseptic 3241 (20) 1.5(0.79-2.8) 0.23
= and other
5 substance(s)
= Other 941 (5.9) 1.6 (0.71-3.5) 0.26
s substance(s)
< Gestational age | 39.1(38.3, 11 (1.0-12) 0.032
at birth (weeks), | 40.1)
median (25",
75th)b
Stuffy nose 1142 (7.1) 3.0 (2.0-4.6) <0.001
Yellow 199 (1.2) 11 (6.6-17) <0.001
> discoloration of
4= skin or eyes
T Unusual skin 183 (1.1) 2.3(1.1-4.8) 0.024
rash or anything
abnormal on skin
T Cough 178 (1.1) 7.5 (4.4-13) <0.001
25
ﬁ (¢B)

@Denominator istotal number of in-person visits (n=16,023)
® Adjusted hazard ratio inverted so that lower gestational age corresponds to higher risk
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Note: The cumulative sum of visits with red, oozing and/or swollen eyes up to the last visit prior to the
current visit met the criteriato be selected as a candidate predictor and was included after backward
selection (Table 2). Since this predictor was the only aggregative time-varying operationalization in the
final set of candidate predictors, its removal would support the feasibility of the final best-performing
multivariable time-varying Cox model. Removing this predictor changed the C-statistic of the final
multivariable model from 0.72 (95% Cl 0.69-0.76) to 0.71 (95% CI 0.68-0.75) and it was therefore
removed to achieve a more parsimonious and feasible final multivariable model.
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AUC: Areaunder the receiver operating characteristic curve; WHO: World Health Organization.

Note: Shaded area represents 95% confidence interval (CI). The 95% CI for WHO danger signs is not shown because the Cl was very wide and
not useful for illustrative purposes.

Figure 2. Time-dependent area under the receiver operating characteristic curve (AUC) for best-performing Cox model for
hospitalization and/or death among young infants (using prevalence of predictors >1%) and Cox model based on World Health
Organization danger signs
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The WHO eght danger signs were infrequent (<0.1% of visits). A Cox model based on WHO
danger signs or asingle variable denoting at least one of these signs both had a C-datistic of 0.56
(0.54-0.60) with asmilar cross-validated C-statistic (Table 5). The time-dependent AUC value
of the WHO danger signs was higher during the first week of age and subsequently decreased

(Figure 2).
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Table5. Discrimination of Cox model for hospitalization and/or death among young infants
based on World Health Organization danger signs

Predictor

Prevalence, n
(%)*

Adjusted HR
(95% Cl)

P-
value

C-statistic
(95% CiI)

Cross
validated
C-statistic
(95% CI)

History

Abnormal
movement
(convulsiong/fits)

9 (0.056)

15 (2.1-107)

0.0073

Physical exam

Not sucking
effectively

17 (0.12)

14 (4.2-46)

<0.001

Fast breathing
(RR >60 per
minute)

19 (0.12)

2.3(0.48-12)

0.30

Severe lower
chest wall in-
drawing

14 (0.087)

20 (5.0-81)

<0.001

Lethargy (no
movement or
movement only
on stimulation)

4 (0.025)

48 (8.4-275)

<0.001

Fever (one
temperature
measurement
>38°C or two
measurements
>37.5°C)

11 (0.069)

32(9.9-102)

<0.001

Low body
temperature (one
temperature
measurement
<34.5°C or two
measurements
<35.5°C)

7 (0.047)

2.4 (0.13-43)

0.56

Yelow
discoloration of
hands and soles
of feet

13 (0.081)

31 (12-78)

<0.001

0.56 (0.54-
0.60)

0.51 (0.47-
0.55)

exam

Physical

1 of any of the 8
danger signs

83 (0.52)

20 (12-33)

<0.001

0.56 (0.53-
0.60)

0.54 (0.49-
0.58)

@Denominator is total number of in-person visits (n=16,023)
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The best-performing model with the addition of a variable denoting at |east one WHO danger
sign had a C-statistic of 0.73 (0.69-0.76) (Table S6). A model consisting of the four clinical
features from the best-performing model plus a variable denoting at least one WHO danger sign

had a C-statigtic of 0.70 (0.67-0.74) (Table 6).

Table 6. Discrimination of best-performing Cox model for hospitalization and/or death among
young infants limited to clinical features (with additional covariates removed) plus avariable
denoting at least one WHO danger sign

Predictor Prevalence, n | Adjusted HR P- C-dtatistic | Cross-
(%)? (95% CI) value | (95% CIl) | validated
C-statistic
(95% CI)
Stuffy nose 1142 (7.1) 3.0(2.0-4.5) <0.001 | 0.70 (0.67- | 0.68 (0.59-
Yelow 199 (1.2) 8.9 (5.5-14) <0.001 | 0.74) 0.76)
- discoloration of
4= skin or eyes
T Unusual skin 183 (1.1) 2.9 (1.4-5.9) 0.0044
rash or anything
abnormal on skin
Cough 178 (1.1) 5.6 (3.1-10) <0.001
g £ [lofanyofthe8 |83(052) 6.0 (3.4-11) <0.001
2% WHO danger
o signs

& Denominator istotal number of in-person visits (n=16,023)
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In an additional analysis limiting predictorsto baseline additional covariates and caregiver-
reported symptoms alone during in-person visits, the best-performing model discrimination was
similar (Table S7). When the additional covariates in the best-performing model were removed,
leaving only four clinical features, the C-statistic decreased slightly (T able S8).

Other additional, sensitivity, and subgroup analyses demonstrated no substantial changesin

discrimination (Tables S9, S10, S11, S12).

The best-performing model (T able 4) was derived using datafrom up to 11 CHRW visits. Asthe
maximum number of CHRW home visits per infant decreases, thereby increasing the average
prediction window (i.e., number of days between an event and the most recent visit), the C-

stati stic decreases (Figure S3).

Across all deciles of predicted risks, both the best-performing model and WHO danger signs
model overestimated predicted risks with gradually increasing differences between predicted and

observed hazard rates and 95% Cls excluding O (Figure 3).
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Decile 1 2 | 3| 4|5 6 | 7|8 | 9 |10 1 2 3 4 5 6 7 8 9 10

Mean predicted 0.053|0.073  0.088 | 0.11 | 0.12 | 014 | 016 | 0.19 | 0.23 | 0.83 0.066 | 0.084 | 010 | 013 | 0.16 | 0.18 | 0.20 | 022 | 024 | 055
hazard rate ! I ! ! ! ! It !
Mean obsarved 0.017 |0.0031/0.0051|0.00410.0033|0.0029 0.0014/0.0039|0.0027| 0.035 0.027 | 0.0052 | 0.0076 | 0.0062 | 0.0040 | 0.0042 | 0.0032 | 0.0036 | 0.0021 | 0.015

hazard rate

Discrete risk groups were defined by deciles of the predicted values with the first decile having the lowest predicted values and the 10" decile
having the highest predicted values. Calibration was assessed by risk group. For each decile risk group, the mean predicted val ue was compared
with the observed value. The difference between the predicted and observed hazard rates was computed and then plotted for each corresponding
decile. The gray bars indicate the 95% confidence intervals from 1000 bootstrapped data sets. For well-calibrated models, the difference between
the predicted and observed hazard rates should be minimal (near 0) [19].
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Figure 3. Calibration plots by decile of predicted hazard rates for the best-performing Cox model and the Cox model based on World

Health Organization danger signs.
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Discussion

A Cox model using time-fixed baseline covariates and visit-specific time-varying clinical
features demonstrated higher discrimination and similar calibration compared to the conventional
approach using WHO danger signs to predict hospitalization and/or death among young infants
during CHW routine home visitsin Dhaka, Bangladesh. Discrimination was maintained using
four clinical features from the best-performing model (nasal congestion, jaundice, and skin rash
on history, and cough on physical exam) plus a variable denoting at least one WHO danger sign.
Aggregative time-varying operationalizations were less associated with hospitalization and/or

death than visit-specific operationalizations, and were not retained in the best-performing model.

In a 2024 systematic review of the diagnostic accuracy of clinical sign algorithmsto identify
sepsisin young infants[21], the most accurate algorithm in the routine home visit setting was the
WHO danger signs. None of the included studies devel oped time-varying models. Although
WHO danger signs had poorer discrimination than the best-performing model in the present
study, they remain important given their high specificity (~95%) for severeillness requiring
referral [10] and their significant association with mortality [8]. However, in this urban Dhaka
cohort of infants born generally healthy (excluding those on parenteral antibiotics at the time of
eigibility screening), WHO danger signs were infrequent at routine home visits (<0.1% of
visits). In contrast, in a secondary analysis of ANISA, which was a birth cohort and included
rural areas, the prevalence of at least one sign of pSBI in young infants during CHW scheduled
home visits was substantially higher at 2.7% [8]. In the present study, clinical featuresin the
best-performing model, including nasal congestion, jaundice, skin rash, and cough, were much
more frequently ascertained during routine visits than WHO danger signs. Forty-two percent of

hospitalizations were attributed to pneumonia for which milder and more common symptoms
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such as nasal congestion and cough may have higher predictive accuracy than WHO danger
signs. Furthermore, discrimination improved when combining the best-performing model, or the
four clinical features from the best-performing model, with a variable denoting any one WHO
danger sign compared to the danger signs alone. Therefore, WHO danger signs remain essential
but may be insufficient to accurately identify the full spectrum of illnesses requiring
hospitalization in young infants in an urban setting. Adding the four clinical features identified in
the best-performing model to the WHO danger signs algorithm may improve its predictive

performance.

We hypothesized that aggregative time-varying predictors would have higher predictive accuracy
than their corresponding visit-specific operationalizations. From aclinical standpoint, cumulative
days or weeks of cough would be more concerning than cough measured once on the visit day.
Although there were up to 11 scheduled home visits (median of 11 visits attended), this
frequency of follow-up may not have been high enough to capture the rapid progression of
severe illnesses requiring hospitalization in young infants. For example, if a pneumonia evolved
over the course of days 38 to 42 of age, the infant may not have exhibited cough or other
concerning symptoms and signs during the recent scheduled preceding visits on days 28 and 35,
making the predictor ‘ cumulative number of visits with cough’ uninformative. The onset and
progression of severeillnesses such as sepsis would also be expected to be rapid (within hours to
afew days), making it challenging for aggregative operationalizations of symptoms and signs

across visits scheduled four to seven days apart to reliably detect sepsis.

A limitation of this study was that the observation period started at the firss CHRW home visit
(day 3 to 7 of age), thereby excluding the first 24 hours of age when neonatal mortality is highest

[22]. However, infants in this setting remained at high risk of hospitalization and death from
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days 3 to 67 of age, substantiating the importance of prediction models applicable to this period.
Second, prevalence of symptoms and signs during routine home visits was relatively low. In the
urban setting of Dhaka where health facilities are numerous and caregivers readily seek care for
infant illness, CHWs are less likely to ascertain concerning features during routine home visits.
In a separate analysis of severe infection incidence in this cohort, 85% of severe infection
episodes were identified following caregiver self-referral compared to 15% identified following
a scheduled CHRW home visit assessment and referral [14]. External validation of the model is
needed, particularly in settings with more limited access to health facilities and where caregivers
may not as readily seek care for infant illness (e.g., rural communities). Third, the baseline
additional covariates in the best-performing model may not be readily available outside of a
research setting. For example, gestational age at birth was calculated by an el ectronic data
capture system by averaging the time since the first day of the last menstrual period in the
mother’ s antenatal card (if available) and the estimated gestational age from the ultrasound
report (if available). Nevertheless, a sensitivity analysis removing the baseline additional
covariates did not demonstrate a substantial decrease in discrimination. Fourth, the protocol-
defined referral system, mandating referral to a study physician if a CHRW ascertained one of
the WHO danger signs during a home visit, may have increased the association of the danger
signs with hospitalization, thereby potentially introducing a bias that may improve discrimination
of the WHO danger signs model. However, despite this potential protocol-induced bias, the best-
performing model did not include any of the WHO danger signs and showed higher
discrimination than the WHO danger signs modd. Fifth, although physicians assessing the
outcome were not study staff, there was no protocol-instituted blinding to CHRW assessments,

and their recommendations for hospitalization could have been influenced by CHRW findings.
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Implications for clinical use and future research

With a C-datistic of 0.71, the best-performing model may lack sufficient discrimination in its
current form to reliably guide CHW referral decisions. Furthermore, the best-performing model
was derived using up to 11 CHRW home visits and requires baseline data which may be
considered too resource-intensive in many settings. A trend of decreasing discrimination was
observed as the maximum number of home visits decreased. However, when the maximum
number of visits was reduced to four, as recommended by current WHO guidelines [7], model
discrimination was similar. Therefore, although using up to 11 visits increases model
discrimination, this high number of visits may not be essential. When implementing this mode,
one must consider the trade-off between the labour and costs associated with the number of

CHW visits and model discrimination.

If in-person CHW visits are feasible, a combination of the best-performing model plus avariable
denoting any one WHO danger sign demonstrated the highest discrimination. Considering the
potential challenges with ascertaining baseline covariates such as gestational agein LMIC
settings, removing the additional covariates from the best-performing model and ssimplifying it to
its four clinical features plus a variable denoting any one WHO danger sign showed similar
discrimination. However, before this smplified model plus WHO danger signs can be
implemented into practice, it requires external validation. Future studies should externally
validate the simplified mode plus WHO danger signsin both urban and rural LMIC settings.
Lastly, backward selection using a threshold p-value is commonly used for predictor selection

[23], but other methods exist [24,25,26] and may be considered in future studies.
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Conclusions

A prediction model for infant hospitalization and/or death in Dhaka, Bangladesh using baseline
covariates and visit-specific time-varying clinical features assessed by CHWSs during routine
home visits may support identification of sick young infantsin LMICs. Aggregative time-
varying clinical features do not improve prediction of hospitalization and/or death compared to
visit-specific clinical features. Adding four clinical features —nasal congestion, jaundice, skin
rash, and cough —to the WHO danger signs algorithm may improve its predictive performance

by capturing a broader spectrum of severe illnesses requiring hospitalization in young infants.
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